The assembly of multiple genomes from mixed sequence reads is a bottleneck in metagenomic analysis. A single-genome assembly program (assembler) is not capable of resolving metagenome sequences, so assemblers designed specifically for metagenomics have been developed. MetaVelvet is an extension of the single-genome assembler Velvet. It has been proved to generate assemblies with higher N50 scores and higher quality than single-genome assemblers such as Velvet and SOAPdenovo when applied to metagenomic sequence reads and is frequently used in this research community. One important open problem for MetaVelvet is its low accuracy and sensitivity in detecting chimeric nodes in the assembly (de Bruijn) graph, which prevents the generation of longer contigs and scaffolds. We have tackled this problem of classifying chimeric nodes using supervised machine learning to significantly improve the performance of MetaVelvet and developed a new tool, called MetaVelvet-SL. A Support Vector Machine is used for learning the classification model based on 94 features extracted from candidate nodes. In extensive experiments, MetaVelvet-SL outperformed the original MetaVelvet and other state-of-the-art metagenomic assemblers, IDBA-UD, Ray Meta and Omega, to reconstruct accurate longer assemblies with higher N50 scores for both simulated data sets and real data sets of human gut microbial sequences.
Introduction
Metagenomic research studies genetic material recovered directly from environmental samples. Next-generation sequencing (NGS) technologies have enabled an explosion in sequencing with increased throughput and decreased cost, 1 which provides opportunities to generate sequence reads from metagenomes effectively covering highly diverse microbial populations, even for genomes with low coverage. An important step in metagenomic analysis is the assembly of multiple genomes from mixed sequence reads of the multiple species that exist in the sample. 2 This can present problems, because, in a microbial community, the number of genomes and the coverage of each genome are initially unknown and the coverage distribution is inhomogeneous and potentially skewed. [1] [2] [3] [4] [5] [6] [7] [8] Another major difficulty is the short length of sequence reads from next-generation sequencers. 2 Currently, there are several de novo assemblers that attempt to analyse metagenomic data. MAP, 4 Genovo 5 and Xgenovo 8 are used for rather long sequence reads, while MetaVelvet, 2 Meta-IDBA, use the de Bruijn graph approach. These assemblers are specifically designed for the huge numbers of short reads generated by Illumina-type next-generation sequencers that enable deep sequencing of the inhomogeneous and divergent species in a microbial community. IDBA-UD is an extension of Meta-IDBA dealing with the uneven sequencing depths of different regions of genomes from different species. 9 Both MetaVelvet 2 and IDBA-UD 9 have been shown to produce longer high-quality assemblies than single-genome assemblers, such as Velvet 12, 13 and SOAPdenovo2. 14 Ray Meta is an extension of the Ray assembler for de novo metagenome assembly, which is scalable because it is highly distributed computing. 10 Omega is a metagenomic assembler using overlap graph approach. Omega was most recently proposed for rather longer Illumina sequencing data of microbial communities.
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MetaVelvet 2 is an extension of a single-genome assembly program (assembler), named Velvet. 12, 13 The fundamental concept used in MetaVelvet is that a de Bruijn graph constructed from mixed sequence reads of multiple species is considered to be equivalent to the union of multiple de Bruijn sub-graphs, each of which is constructed from the sequence reads of individual species. The strategy of MetaVelvet is, first, to decompose a de Bruijn graph constructed from mixed short reads into individual sub-graphs and, second, to assemble scaffolds from each decomposed de Bruijn sub-graph to build an isolated genome. For the graph disconnection task, MetaVelvet identifies nodes shared between two sub-graphs (named chimeric nodes) and disconnects two sub-graphs by splitting the shared nodes, as illustrated in Fig. 1 . Chimeric nodes are shared between the genomes of two closely related species and could represent orthologous sequences, conserved sequences (e.g. rRNA sequences) or horizontal transfer sequences.
To identify chimeric nodes, MetaVelvet uses simple heuristics based on coverage difference and paired-end information, which results in low accuracy and low sensitivity. Our primary goal in this study is to improve chimeric node detection and generate longer accurate scaffolds. Such scaffolds can help to extract more information from the reads, leading to the discovery of more genes and better functional annotation. 15 To do this, we have developed an assembler called MetaVelvet-SL, which classifies every node in a de Bruijn graph constructed from mixed short reads of multiple species into the following four types by employing supervised machine learning.
1. Chimeric node: A node which is shared between the genomes of two closely related species. This node should be split. Chimeric nodes are illustrated in Fig. 1 . 2. Repeat node: A repeat node represents a sequence that occurs several times in the genome. Note that, in multiple genome assembly, nodes at a crossing point between two incoming and two outgoing edges are not necessarily repeats. Such nodes are sometimes chimeric nodes. 3. Unique node: A unique node is one which is neither chimeric nor a repeat. The challenge is to determine the unique nodes of each species correctly. 4. Low-coverage node: In metagenomic assembly, all nodes, even those with low coverage, must be examined to account for species with small populations, but low-coverage nodes must be distinguished from nodes generated by sequencing errors.
The first new procedure in MetaVelvet-SL is to develop the model to classify a node at a crossing point between two paths as chimeric or not. In the process of learning the model, 94 features are extracted for each chimeric node candidate, which is a node at a crossing point that has two incoming edges and two outgoing edges. A Support Vector Machine (SVM) is used for learning the classification model. If chimeric nodes can be identified correctly, it means that the de Bruijn graph can be disconnected appropriately by splitting the chimeric nodes. The second new procedure in MetaVelvet-SL is that the expected coverage to extract the unique nodes is calculated for each sub-graph. Based on the assumption that each sub-graph represents a single species, the expected coverage per sub-graph can precisely determine the unique nodes of each species, even those with low coverage. This expected coverage calculation per sub-graph replaces the original MetaVelvet strategy of detecting multiple peaks on the histograms of k-mer frequencies and defining each peak as expected coverage. MetaVelvet-SL consists of two main modules: first, the supervised learning module to develop a model for the classification of chimeric nodes and, second, the assembly module. (The technical details are described in the Materials and methods section.) MetaVelvet-SL also provides a couple of tools to allow users to generate their classification model using prior knowledge about the taxonomic profile of the target microbial community. The taxonomic profile can be inferred from sequence reads by using taxonomic profiling methods, such as MetaPhlAn. 16 We have developed a pipeline connecting MetaPhlAn and MetaVelvet-SL. The pipeline automatically generates a classification model only from metagenomic sequence read data. This customized classification model could be well suited to the assembly of the target metagenomes. MetaVelvet-SL also provides a library of pre-trained classification models for several typical environments, such as soil, deep sea, mud, human blood, intestine and mouth. The source code of MetaVelvet-SL, the pipeline connecting MetaPhlAn and MetaVelvet-SL, and the library of classification models for several typical environments are freely available under the GNU General Public License at http://metavelvet.dna.bio.keio.ac.jp.
We conducted computational experiments to evaluate the performance of Metavelvet-SL. The assembly performance of Metavelvet-SL was compared with those of MetaVelvet, the state-of-the-art metagenomic assemblers IDBA-UD, Ray Meta and Omega, and a standard single-genome assembler for massive short sequencing reads, SOAPdenovo2. For simulated data sets, first, we conducted experiments using the pipeline connecting MetaPhlAn and MetaVelvet-SL. The taxonomic profile for the training data set was inferred by MetaPhlAn. Second, to measure the performance of MetaVelvet-SL for different degrees of similarity between the training data set and the assembly data set, we conducted experiments using three levels of training data sets from the highest to the lowest similarity (genus, family and order) to the assembly data sets. For all assembly data sets, MetaVelvet-SL with any training data set generated the highest accurate N50 scores and longest maximum length of accurate scaffolds among the assemblers. (The N50 score is a standard statistical measure that evaluates assembly quality. Scaffolds with higher N50 scores are especially beneficial for the identification of protein-coding genes.
2 ) On real data sets of human gut microbial short read data, sequenced as part of the MetaHIT project 17 and the Human Microbiome Project Consortium, 18 MetaVelvet-SL using models constructed by supervised learning from the taxonomy profile inferred by MetaPhlAn generated longer scaffolds.
Materials and methods
A de Bruijn graph is a data structure that compactly represents overlaps between short reads. Several de novo methods based on de Bruijn graphs have been proposed to assemble short reads generated from next-generation sequencers for single genomes and metagenomes. 2, 7, 9, 12, 13 In a de Bruijn graph, a k-mer (word of length k) is assigned to a node, so the size of a de Bruijn graph is independent of the size of the input of reads. The assembly (reconstruction) of the target genome from the de Bruijn graph can be reduced to finding an Eulerian path that is computable in polynomial time. First, we briefly review the Velvet and MetaVelvet assemblers upon which our method is based. Then we describe MetaVelvet-SL, our extension of Velvet to metagenomic assembly, that utilizes supervised learning.
Brief outline of Velvet and MetaVelvet
Velvet is slightly different from other de Bruijn-graph-based assemblers in that each node is attached to a twin node that represents a series of k-mers and their reverse complements for reads from both strands. For each input read, Velvet defines an ordered set of overlapping k-mers. The ordered set is cut whenever an overlap with another read begins or ends. For each uninterrupted ordered subset of the original k-mers, a node is created. Velvet has three functions to manipulate the de Bruijn graph: node merging for simplification, removing tips and removing bubbles for error reduction. Velvet has two functions, Pebble and Rock Band, for constructing the scaffold and for repeat resolution using paired-end and long-read information. In these functions, Velvet distinguishes the unique nodes from the repeat nodes based on the node coverage. A repeat node represents a sequence that occurs several times in the genome and can be described as a node at a crossing point between two paths with multiple incoming and outgoing edges. In multiple genome assembly, such nodes are not necessarily repeats since they can sometimes be shared between the genomes of two closely related species and represent orthologous sequences, conserved sequences (such as rRNA sequences) or horizontal transfer sequences.
MetaVelvet is an extension of Velvet for the assembly of metagenomes. The fundamental concept used in MetaVelvet is that a de Bruijn graph constructed from mixed sequence reads of multiple species is considered to be equivalent to the union of multiple de Bruijn subgraphs, each of which is constructed from sequence reads of individual species. MetaVelvet has two functions. First, MetaVelvet decomposes a de Bruijn graph constructed from mixed short reads into individual sub-graphs. To do this, MetaVelvet calculates the histogram of k-mer frequencies and detects multiple peaks on the histogram, each peak of which would correspond to one species in a microbial community. Then, MetaVelvet classifies every node into one of the peaks to form sub-graphs composed of nodes belonging to the same peak. MetaVelvet identifies shared (chimeric) nodes between two sub-graphs and disconnects the sub-graphs by splitting the shared nodes, as illustrated in 
Extension to MetaVelvet-SL
MetaVelvet-SL consists of three major procedures, as illustrated in Fig. 2 . 
Construction of a de Bruijn graph.
MetaVelvet-SL constructs a de Bruijn graph from mixed sequence reads of multiple species genomes using Velvet functions.
Learning and classification of chimeric nodes.
This procedure, first, extracts the chimeric node candidates from the main de Bruijn graph. A chimeric node candidate is defined as a node that has two incoming edges and two outgoing edges. MetaVelvet-SL utilizes LIBSVM 19 to develop a model for classification of chimeric nodes. We used the RBF kernel that is recommended by LIBSVM. Grid search was used to find optimal parameters for the RBF kernel. For the classification, 94 features are extracted for each chimeric node candidate. These features are ( There are three defined classes. Classes 1 and 2 are the positive classes, which contain chimeric nodes, while Class 3 is the negative class, containing non-chimeric nodes. Class 1 contains chimeric nodes in which the incoming node of higher coverage and the outgoing node of higher coverage come from a same species, and the incoming node of lower coverage and the outgoing node of lower coverage come from another species. Class 2 contains chimeric nodes in which the incoming node of higher coverage and the outgoing node of lower coverage come from a same species, and the incoming node of lower coverage and the outgoing node of higher coverage come from another species. Classes 1 and 2 are illustrated in Fig. 3 .
One additional task in MetaVelvet-SL is the preparation of the training sample that is required for learning the classification model. MetaVelvet-SL uses prior knowledge about the taxonomic profile (composition) of the target microbial community to generate the training sample. This taxonomic profile can be inferred from sequence reads by using taxonomic profiling methods, such as MetaPhlAn. 16 MetaVelvet-SL has the following functions to generate the training sample. First, by using the taxonomic profile, a set of reference genomes that belong to species that are the same as or are closely related to those in the taxonomy profile are collected from the public genome database. Second, the collected reference genome sequences are used to generate simulated sequence reads, and a de Bruijn graph is constructed from the simulated read data. Third, by aligning each node in the de Bruijn graph to the reference genome sequences, it can be determined to which species genome each node belongs. Fourth, each node at a crossing point between two paths in the de Bruijn graph is labelled as Class 1, 2 or 3, generating the training samples.
Final assembly tasks:
Metavelvet-SL has five major steps for this procedure. In the implementation, MetaVelvet-SL consists of two main modules: (i) the supervised learning module to develop a model for the classification of chimeric nodes and (ii) the assembly module. We provide both modules for MetaVelvet-SL's users. Users can infer the taxonomic profile from sequence reads using several well-known accurate taxonomic profiling methods, such as MetaPhlAn. 16 Alternatively, users
can generate a classification model by using prior knowledge about the taxonomy profile of the target microbial community. In either case, the resulting customized model could be well suited to the assembly of the target metagenomes. MetaVelvet-SL also provides a library of pre-trained classification models for several typical environments, such as soil, deep sea, mud, human blood, intestine and mouth. Like other assemblers, the input for the assembly module is a set of reads from metagenomes. A pipeline connecting MetaPhlAn and MetaVelvet-SL has been developed which allows users to automatically generate a classification model and then assemble their metagenomic short read data. The source code of MetaVelvet-SL, the pipeline connecting MetaPhlAn and MetaVelvet-SL, and the library of learning models for several typical environments are freely available at http://metavelvet.dna.bio.keio.ac.jp.
Results and discussion
The results of MetaVelvet-SL were compared with those from the original MetaVelvet (version 1.2.02), 2 the last version of other state-of-the-art metagenomic assemblers such as IDBA-UD, 9 Ray
Meta (version 2.3.1) 10 and Omega (version 1.0.2), 11 and the singlegenome assembler for massive short sequencing reads SOAPdenovo2. 14 We conducted extensive experiments to evaluate the performance on simulated data sets and on real metagenomic data sets of human gut microbial short read data.
Simulated data set
We generated simulated metagenomic sequence reads using the most frequently used simulator-the DWGSIM component in the DNAA package (available at http://sourceforge.net/projects/dnaa). We generated short reads with a length of 80 bp and used the default Illumina sequencing noise, whose error rate is 1%. The average and standard deviation of the insert size for paired-end reads were set at 500 and 50 bp, respectively. To measure the performance for various taxonomic levels of diversity, we generated four types of assembly data sets from distant to closer taxonomic levels (order, family, genus and species). We selected 20 genomes for each data set and generated short read data sets from the 20 genomes. Since the log-normal distribution has been generally used to model microbial abundance distributions, 20 we used the log-normal distribution for species abundance.
MetaVelvet-SL requires a training data set for learning the classification model. First, we conducted experiments using the pipeline connecting MetaPhlAn and MetaVelvet-SL. The taxonomic profile for the training data set was inferred by MetaPhlAn. Second, to measure the performance of MetaVelvet-SL for different degrees of similarity between the training data set and the assembly data set, we conducted experiments using three levels of training data sets that contain different reference genomes from the assembly data sets. The three levels of training data sets consist of similarities to the assembly data set, from the highest to the lowest (genus, family and order). The genus-level training data set contains different species but in the same genus from the assembly data set. The family-level training data set contains different genus but in the same family from the assembly data set. The order-level training data set contains different families but in the same order from the assembly data set. The list of selected genomes, the coverage of each genome, the number of reads generated and the length of each reference genome for each training data set and each assembly data set are provided in Supplementary Tables S1-S20 . We compared the performance of MetaVelvet-SL with those of MetaVelvet, 2 other state-of-the-art superior metagenomic assemblers, IDBA-UD 9 with the default parameters for metagenomic assembly, Ray Meta 10 with the k-mer size suggested in the Ray Meta paper and Omega 11 with the overlap length suggested in the Omega's instruction, and a single-genome assembler, SOAPdenovo2 14 with the same k-mer size as MetaVelvet and MetaVelvet-SL. We evaluated the assembly performance with Nm50 and three other measurements: the total length, the maximum length and the number of accurate scaffolds (sub-scaffolds not containing any chimeric region). We defined Nm50, the corrected N50 length for metagenomic assembly results. We cut every scaffold at chimeric mis-assembled points into sub-scaffolds so that the sub-scaffolds no longer contain any chimeric region. The usual N50 is defined to indicate the scaffold length such that 50% of the total length of scaffolds lies in scaffolds of this size or larger. Nm50 is N50 length of the subscaffolds not containing any chimeric region. Chimeric regions in a scaffold were determined by two steps. First, the best-fit alignments between a scaffold and the set of input reference genomes are calculated using BLAST so that the predicted reference genome for the scaffold can be obtained. Second, if any region in the scaffold is aligned to another reference genome different from the predicted reference genome for the scaffold, the region is determined as a chimeric region. (The technical details are described in the Supplementary data.)
The statistics of assembly results are shown in Table 1 . The taxonomic profile for the training data set used in MetaVelvet-SL was inferred by MetaPhlAn. For all assembly data sets, MetaVelvet-SL generated higher Nm50 and longer maximum length of scaffolds than MetaVelvet, IDBA-UD, Ray Meta, Omega and SOAPdenovo2. The total length of scaffolds is similar among the assemblers. The results showed that MetaVelvet-SL generated longer accurate scaffolds.
For all assembly data sets, Ray Meta required the largest computation times, followed by IDBA-UD. The computation times of MetaVelvet-SL increased at low taxonomic levels compared with MetaVelvet. This is mainly because MetaVelvet-SL requires the computation time for learning the classification model and classifying chimeric node candidates the number of which is larger in low taxonomic levels. The genomes become more similar and share more k-mers in low taxonomic levels. Table 2 represents the number of chimeric node candidates in de Bruijn graph constructed from each assembly data set. The species data set has the highest number of chimeric node candidates which is >10 times of the number of chimeric node candidates in the order data set.
The statistics of assembly of MetaVelvet-SL using different training datasets are shown in Table 3 . The models used in MetaVelvet-SL were generated from the taxonomic profiles predicted by MetaPhlAn and three similarity levels of training data sets (genus, family and order) for each assembly data set. There was no significant difference among the assembly results using different training data sets. This result showed that MetaVelvet-SL was robust for the dissimilarity between the training data set and the assembly data set.
Since one of our primary goals in this work is to improve the sensitivity and accuracy for detecting chimeric nodes by supervised learning, we compared the classification capability of chimeric nodes by MetaVelvet-SL and MetaVelvet. The results of the classification are shown in Table 4 . We evaluated the sensitivity and the accuracy. Sensitivity is the true positive rate, the percentage of true identified chimeric nodes ( positive classes consists of Class 1 and Class 2), while accuracy is the percentage of true results, both true positive (true identified chimeric nodes) and true negative (true identified non-chimeric nodes, consisting of Class 3). As shown in Table 2 , all of the assembly data sets have imbalanced classes of chimeric node candidates. Therefore, to avoid inflated performance estimates on imbalanced data sets, we calculated the balanced accuracy too. Balanced accuracy is the average between sensitivity and specificity. 21 Specificity is the true negative rate, the percentage of true identified non-chimeric nodes.
As shown in Table 4 , the balanced accuracy of MetaVelvet-SL, even for the lowest similarity level of training data set (order-level training data set), was higher than MetaVelvet.
Real data set
To evaluate the performance of MetaVelvet-SL on real metagenomic data, we used human gut microbial data sets. We assembled five human gut microbial data sets: MH0006 (ERS006497), MH0012 (ERS006494) and MH0047 (ERS006592) from the MetaHIT Consortium 17 and SRS017227 and SRS018661 from the Human Microbiome Project Consortium. 18 Two of the data sets (MH0006 and MH0012) were the deepest and second deepest data sets while another data set, MH0047, is a low-coverage data set. As for the simulated data sets, the real data sets were assembled by MetaVelvet-SL, MetaVelvet, 2 IDBA-UD 9 with the default parameters for metagenomic assembly, Ray Meta 10 with the k-mer size suggested in the Ray Meta paper, Omega 11 with the overlap length suggested in the Omega's instruction and SOAPdenovo2. 14 The statistics of assembly performances are summarized in Table 5 . The classification model for MetaVelvet-SL was obtained by the pipeline using MetaPhlAn to infer the taxonomic profile and then generating the training data set. When the total scaffold lengths of two assemblies are quite different in the human gut microbial data sets, the naive use of N50 score is inadequate, because the longer total length decreases the N50 score. The generalized score N-len(x) is more appropriate for comparing scaffold integrity than the raw N50 score.
2 N-len(x) is defined by
where S 1 , S 2 , . . . , S n denote the list of scaffolds in descending order of length as output by an assembler. The N50 score corresponds to the N-len(x) score for x = L/2 (x is 50% of L), where L denotes the total scaffold length. The N-len(x) plots for the MH0006 data sets produced by MetaVelvet-SL, MetaVelvet, IDBA-UD, SOAPdenovo2, Ray Meta and Omega are shown in Fig. 4 . MetaVelvet-SL significantly increased the scaffold integrity. For example, when x = 5,000,000, the N-len(x) score of MetaVelvet-SL was 306,496, the N-len(x) score of MetaVelvet was 24,554, the N-len(x) score of IDBA-UD was 178,659, the N-len(x) score of SOAPdenovo2 was 90,861, the N-len (x) score of Ray Meta was 101,726 and the N-len(x) score of Omega was 117,010. (The N-len(x) plots for the MH0012, MH0047, SRS017227, and SRS018661 data sets are shown in Supplementary Figs S1-S4.) As in the MetaVelvet paper, we calculated the area under the curve (AUC) of N-len(x) for 0 < x ≤ L in units of 1,000,000 bp; that is, the cumulative sum of N-len(x) scores (0 < x ≤ L), where L denotes the total scaffold length. MetaVelvet-SL generated much longer accurate scaffolds than MetaVelvet, IDBA-UD, Ray Meta, Omega and SOAPdenovo2, showing that MetaVelvet-SL improved scaffold integrity. MetaVelvet-SL outperformed MetaVelvet, IDBA-UD, Ray Meta, Omega and SOAPdenovo2 for all data sets in terms of all three of the performance indicators (total length of scaffolds, maximum length of scaffolds All computations were executed using Intel(R) Xeon(R) E5540 processors (2.53 GHz), with 96-GB physical memory, except for a few cases. Top performances are shown in bold.
and AUC), except for the SRS017227 data sets, SOAPdenovo2 generated slightly longer total length of scaffolds. The identification of chimeric nodes by MetaVelvet-SL using classification models generated from the taxonomic profile inferred by MetaPhlAn is shown in Supplementary Table S21 .
Comparisons between the taxonomic profile predicted by MetaPhlAn and the taxonomic profile based on assembly results of MetaVelvet-SL using BLAST were accomplished. The NCBI genomic reference sequences were used, which provide stable references, as the database for BLAST searching. The database contains 41,913 organisms as of September 2014 (Release 67). The numbers of species predicted by MetaPhlAn and predicted from the assembly of MetaVelvet-SL are shown in Table 6 . The taxonomic profile based on assembly results covered >90% of the taxonomic profile predicted by MetaPhlAn. This result indicated that the assembly capacity of MetaVelvet-SL was high enough to capture the target diverse microbial community. As shown in Table 6 , much larger number of species was predicted from assembly results by BLAST than predicted by MetaPhlAn. This is mainly because MetaPhlAn used 2,887 genomes available from the Integrated Microbial Genomes (IMG) system, which were much fewer than the number of organisms in the NCBI database used in BLAST searching. The taxonomic profile predicted by MetaPhlAn for each real data set is shown in Supplementary Tables S22-S26, whereas the taxonomy profile predicted from the assembly of MetaVelvet-SL using BLAST is shown in Supplementary Tables S27-S31.
Conclusion
Extensive experiments on simulated and real metagenomic data sets showed that MetaVelvet-SL outperformed other metagenomic assemblers MetaVelvet, IDBA-UD, Ray Meta and Omega as well as a singlegenome assembler, SOAPdenovo2.
The main strategy in MetaVelvet-SL is to develop a model to classify a candidate node at a crossing point between two incoming and two outgoing edges as a chimeric node or not. We also developed a procedure to identify unique nodes more precisely based on the expected coverage for each sub-graph and considered very lowcoverage nodes by determining an appropriate threshold to remove error nodes. Since MetaVelvet-SL needs to learn a model for the classification of chimeric nodes, we have provided a pipeline connecting MetaPhlAn and MetaVelvet-SL, which can generate a classification model and assemble automatically. MetaVelvet-SL also provides a library of pre-trained classification models for several typical environments such as soil, deep sea, mud, human blood, intestine and mouth. MetaVelvet-SL defines a chimeric node as a node that has two incoming edges and two outgoing edges. In a de Bruijn graph, in singlegenome assembly, a node with multiple incoming and outgoing edges represents a repeat node. In multiple genome assembly, such node is Top performances are shown in bold. MetaVelvet-SL, MetaVelvet and SOAPdenovo2 set the k-mer size at 37 for the MH0006 and MH0047 data sets, 43 for the MH0012 data set and 51 for SRS017227 and SRS018661. not necessarily a repeat since it is sometimes shared between the genomes of two closely related species and represents orthologous sequences, conserved sequences (such as rRNA sequences) or horizontal transfer sequences. In a de Bruijn graph, nodes having multiple incoming and outgoing edges can be divided into (i) those with two incoming edges and two outgoing edges and (ii) those with higher order connectivity (i.e. more than two incoming edges and more than two outgoing edges). The number of nodes having higher order connectivity is much fewer than the number of nodes having two incoming edges and two outgoing edges. We counted the number of nodes having multiple incoming and outgoing edges in de Bruijn graphs for both simulated data sets and real data sets of human gut microbial short read data. On average, the number of nodes having higher order connectivity is only 1.79% of the number of nodes having two incoming edges and two outgoing edges. The number of nodes for each data set is provided in Supplementary Table S32 . Although MetaVelvet-SL defines a candidate for a chimeric node as a node that has two incoming edges and two outgoing edges, MetaVelvet-SL outperformed the other metagenomic assemblers MetaVelvet, IDBA-UD, Ray Meta and Omega, and also a single genome assembler, SOAPdenovo2. We continue to consider the impact of higher order connectivity. The first column represents the number of species predicted by MetaPhlAn and predicted from assembly results by BLAST (intersection). The second column represents the number of species only predicted by MetaPhlAn and not predicted from assembly results by BLAST. The third column represents the number of species only predicted from assembly results by BLAST and not predicted by MetaPhlAn.
